Space flexible manipulators are convenient for performing on-orbit service; however, the vibration of the end effector is becoming increasingly serious because of the excessive length and mass of the arm. To solve this problem, in this paper, neural network control based on a flexible multibody dynamic model and disturbance observer is proposed. The dynamics model is based on the Lagrangian equation and assumed mode method, and also considers the position and attitude constraint equations of the flexible joint. The combination of a neural network controller and adaptive controller is introduced in detail, and a switching mechanism is added to improve the global stability of the system. Considering the joint module as an independent control system, a disturbance observer is added to the current loop of the control system, and a filter is combined to effectively suppress the influence of friction and dynamic coupling on joint control performance. The effectiveness of the proposed dynamic model and control scheme in terms of vibration suppression is verified in experiments on the self-designed space flexible redundant arm.
I. INTRODUCTION
In recent years, the aerospace industry has placed increasingly stringent requirements on the performance of space manipulators [1] , [2] . If the arms are required to be light in weight, large in end load, and capable of capture maneuvers [3] , its own elastic deformation must be large, which may cause system damage because of the resonance of the structure [4] . The arm needs to be redundant for better flexibility and adaptability, which tends to increase flexibility.
In order to satisfy the requirements of flexibility and adaptability, the operating arm needs to be redundant, which tends to increase the flexible deformation [5] , thus affecting the position accuracy of the end effector. Therefore, the study of space redundant flexible manipulators has a wide range of The associate editor coordinating the review of this article and approving it for publication was Yongping Pan. applicability [6] , [7] . Space manipulators are complex systems with multiple degrees of freedom, strong coupling [8] , and nonlinearity [9] , and both joints and connecting links have some flexibility [10] . Therefore, there is a certain error in modeling using traditional rigid system dynamics [11] . Particularly in the task of grabbing large loads, the impact of this error will be even greater.
Generally, flexible robots must be infinite-dimensional continuous distribution parameter models [12] . However, the control of distributed parameter systems can only be based on finite-dimensional model design [13] . Therefore, how to establish a suitable and effective dynamics model, and design a high-performance controller are the two main problems in the research on flexible robots. The dynamics of flexible robots has been studied for more than 30 years [14] , [15] . Meirovitch and Lim [16] and Caron et al. [17] conducted early research on space flexible arms. Some scholars VOLUME 7, 2019 This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see http://creativecommons.org/licenses/by/4.0/ proposed a flexible arm control strategy based on unknown dynamics models [18] , [19] , but its accuracy requires further verification [20] , [21] . Gao et al. [22] combined the Lagrangian method with the assumed mode method to establish the dynamic equation. Su et al. [23] studied the trajectory tracking problem of flexible arms. Feng et al. [24] and Yang et al. [25] studied the dynamics model of flexible multibody systems. However, many studies remain in the simulation stage [26] . There are many control strategies for flexible arms. Although impedance control is robust to disturbances [27] , it does not accurately control the magnitude of force/ torque [28] . The hybrid position/force control method is suitable for performing tasks that require touching or grabbing objects [29] . The disadvantage is that when performing complex operations, it is necessary to frequently switch between force control and position control, thus system stability is low [30] . The computed torque method takes into account the dynamic model of the robot [31] and is suitable for the trajectory tracking control of free-motion robots, but its efficiency needs to be improved.
Because conventional control methods do not compensate for nonlinear dynamics, these methods are not effective in controlling flexible arms. Some scholars have begun to adopt methods such as distributed control [32] , [33] ,intelligent control algorithms [34] , fuzzy control [35] and neural network control [36] . Because the flexible robot dynamics model is complex, the computational efficiency of other conventional control methods is relatively low. The neural network solves the problem of high linearization of the flexible manipulator dynamics model and the low computational efficiency. The neural network-based controller has good control performance, but some versions are still at the simulation stage and it does not consider the dynamic coupling problem between joints, therefore, the vibration of the end effector is still large.
The control method proposed in this paper is a neural network control method based on the dynamic model and a disturbance observer. First, an integrated flexible multi-body dynamics equation is established based on the Lagrange equation and assumed mode method, and the position and attitude constraint equations are also considered. The neural network control block diagram and the corresponding dynamic control strategy are then detailed. Additionally, a disturbance observer is added to the current loop to mitigate the dynamic coupling between the flexible joints, thereby effectively suppressing the effects of friction and dynamic coupling on joint control performance. Finally, we also conducted experiments to verify the proposed method. The experimental results demonstrate that the proposed modeling method and control strategy have good vibration suppression effects.
The remainder of the paper is organized as follows: In Section II, the dynamic analysis of the manipulator is presented. In Section III, the vibration suppression control based on a neural network is analyzed. In Section IV, the disturbance observer added to the current control loop is explained. In Section V, the experiments for the proposed dynamics model and control strategy are presented. In the final section, the entire paper is summarized and conclusions are provided.
II. DYNAMIC ANALYSIS OF THE MANIPULATOR
As shown in Fig. 1 , to better perform on-orbit service, it is first necessary to perform dynamic analysis on the space flexible arm. The dynamic equation of the manipulator provides the relationship between the mechanism drive and the contact forces acting on it [37] .
The dynamics are divided into two parts: forward and reverse dynamics. The forward dynamics are based on joint moment vector τ of the robot to solve position Θ, velocitẏ Θ, and accelerationΘ of each joint. From a control point of view, this is mainly used for the dynamic simulation of the manipulator. The inverse dynamics are based on known position Θ, velocityΘ, and accelerationΘ to determine desired joint moment vector τ . This is mainly used for feedforward control of the operating arm [38] .
Because of the elastic deformation of the flexible arm of the space operating arm, the vibration of the end effector is generated, which poses a great challenge to the operation precision and stability of the robot. Studying the dynamics of a flexible arm is the basis for a dynamic response, the design of the controller, and the suppression of vibration. The Lagrangian method regards the robot system as a whole and establishes differential equations based on kinetic energy and potential energy in the generalized coordinate system. Therefore, it has good mathematical properties and is very suitable for theoretical analysis and control algorithm design. The assumed mode method is used to consider the influence of flexible deformation, and the system dynamics equation of the space manipulator is established based on the Lagrangian method. Fig. 2 shows the deformation of a flexible body based on the assumed mode method [39] , where I is the inertial coordinate system. The rotation center of the proximal joint of each flexible body is taken as the origin, the tangential direction of the flexible body is the x-axis and the direction of the joint rotation axis is the z-axis, which defines the body-connected coordinate system O i x i y i (i = 1, · · · , n).
A. DEFORMATION AND KINETIC ENERGY OF FLEXIBLE BODIES
The rotation angle of each joint is θ i (i = 1, · · · , n) and the position vector of each joint in the inertial coordinate system is R i (i = 1, · · · , n). Assuming that point a is any point on link i, the position vector of point a in the inertial coordinate system is expressed as
where u i is the position vector of point a in the following coordinate system O i x i y i , T i is the transformation matrix of the following coordinate system to the inertial coordinate system, u i is the position vector of point a in the following coordinate system before the deformation of the flexible body and its value is constant, and u it is the deformation vector of point a on the flexible body in the following coordinate system. According to the assumed mode method, the deformation amount of the i-th link of the flexible robot can be described as
where Φ i is the modal matrix, q it is the deformed generalized coordinate, and n is the modal number. Then (1) can be written as:
Integrating (3), so that the velocity vector of the point in the inertial system can be obtained as:
R i , P i , and q it are selected to describe the generalized coordinates of the following coordinate system, generalized coordinates of the pose, and generalized coordinates of the deformation, respectively, where P i = [P 0 , P 1 , P 2 , P 3 ] T is the attitude quaternion and satisfies P i P T i = 1. Then the kinetic energy of the flexible body is
where ρ is the density of the flexible body. Substituting (4) into (5) yields
where
is the mass matrix [40] of the flexible body and a symmetric matrix:
where M tt is the mass of the translational characteristic, M tr is the mass of the translational and rotational coupling characteristics, M tf is the mass of the translational and flexible vibration coupling characteristics, M rr is the mass of the rotational characteristic, M rf is the mass of the rotational and flexible vibration coupling characteristics, and M ff is the mass of the flexible vibration characteristics. Then (6) can then be written in the form of a matrix:
It can be seen from (8) that the kinetic energy of flexible body i is related to the mass, moment of inertia, flexible vibration mode matrix, and generalized coordinates.
B. VIRTUAL WORK AND GENERALIZED FORCE
Because the flexible arms are elastically deformed, there is elastic potential energy. Therefore, based on the theory of elastic mechanics, the linear elastic hypothesis of the deformation of the flexible body is assumed, and the virtual work expression of the internal force caused by the elastic deformation of the flexible body is
where σ , ε, and E denote the stress, strain, and elastic modulus of the elastomer, respectively.
, where D denotes the differential operator matrix. Then (9) can be expressed as
where S is the modal stiffness matrix. VOLUME 7, 2019 Further extending (10) to matrix form with generalized coordinates yields
where S i is a generalized stiffness matrix. Assuming that the resultant force of point a acting on flexible body i is F i , the virtual work caused by F i is
where Q j is the generalized force corresponding to generalized coordinate q j and n is the number of generalized coordinates, from which it can be seen that the generalized force acting on the flexible body i is expressed as
C. POSITION AND ATTITUDE CONSTRAINT EQUATION
The two adjacent joints (flexible bodies) are connected by mechanical structural constraints. Additionally, the constraint equation of the complete constraint is a function of generalized coordinate q and time t in the multibody system [41] . Because the robot arm in this paper consists of a plurality of joints with only rotational degrees of freedom, there are three position constraint equations and two attitude constraint equations between the two flexible bodies. As shown in Fig. 3 , assuming that the two flexible bodies i and j are connected by r ij , according to the principle of elastic deformation of the flexible body, the position constraint equation is obtained as follows:
where T j and T i are transformation matrices. As shown in Fig. 4 , assuming that the unit direction vectors of the coordinate system of the hinge point between Because the Lagrangian equation is an energy-based dynamics method, the dynamic equation can be derived from a scalar function [42] . This scalar function is also the Lagrangian function, which represents the difference between the kinetic energy and potential energy of a robot system. The Lagrangian function of the manipulator in this paper is expressed as
where K and W represent the total kinetic and potential energy of the manipulator, respectively. Additionally, the Lagrangian equation of the arm is obtained as follows:
Substituting (8), (11) , and (13) into (17) yields the dynamic equation as follows:
where g (q i ) is the vector of the gravity term, and C (q i ,q i ) is the velocity product term and is given as follows:
where the first item is the Coriolis force and the second item is the centrifugal force. For a closed-loop system, if the system has n degrees of freedom and the two flexible bodies are connected by a rotary joint, then the dynamic equations of the n moving bodies can be assembled by combining constraints (14) and (15) . The dynamic equation of the multibody system is
S n ] is the diagonal stiffness matrix, g (q) = g q1 , τ q2 , · · · , τ qn T is the gravity matrix, and
τ a is the known active force vector, which depends on the force elements (springs, dampers, and actuators) acting on the closed-loop joints; τ a = 0 if there are no such elements. τ c is the constraint force vector and is expressed as
where C j = C T j1 , C T j2 , · · · , C T jk is the Jacobian matrix of the constraint equation and λ = [λ 1 , λ 2 , · · · , λ k ] T is the vector of the unknown constraint variable (λ also called the Lagrangian multiplier). If the arm is over-constrained, then C T j is null space and the component of λ in this null space is unknown.
Equation (20) 
where ψ is the right-hand side of the acceleration constraint equation.
According to (20) , (21) , and (22), the closed multibody system dynamics equation is obtained as
If C j is full rank, then the system matrix is a non-singular matrix, and the independent variablesq and ψ can be solved directly. Thenq and q can be obtained by integrating theq; otherwise, the system matrix is singular and at least one element in Lagrangian multiplier λ is indeterminate. If a singular matrix is generated, then a numerical rank test procedure is introduced, and (22) can be solved by the Gaussian elimination method [43] . Then the solution is obtained as follows:q = Ly +q 0 ,
whereq 0 is one special solution of (22) , L is an n × n − rank C j matrix and satisfies C j L = 0, y is a vector containing n − rank C j unknowns, and the subsets of y and q are linearly independent. Substituting (24) into (20) and multiplying by L T on both sides of the equation to eliminate τ c results in the following:
Assuming that n c represents the number of constraints of the closed-loop joint, this method is very efficient when the value of n − n c is small or when C j is degenerate-rank [44] .
For space robots in a microgravity environment, all the above gravity terms are zero. Therefore, based on the flexible multi-body dynamics (20) , the system dynamics equation of the space flexible manipulator shown in Fig. 4 is obtained as follows [45] :
where M p is the inertia matrix of the pedestal, M a is the inertia matrix of the arm, M f is the inertia matrix of the flexible mode, M pa is the coupled inertia matrix between the pedestal and the arm, M pf is the coupling inertia matrix between the pedestal and the flexible mode, and M af is the coupled inertia matrix between the arm and the flexible mode;
x p is the pose matrix of the pedestal, Θ = [θ 1 , θ 2 , · · · , θ 9 ] is the vector of the joint angle, and q f is the modal coordinate matrix of the flexible arm; v p , v a , and v f represent the velocity nonlinear term of the pedestal, arm, and modal coordinates, respectively; S ff is the modal stiffness matrix; F p is the force and moment acting on the pedestal and τ a is the driving torque of the joint of the arm; and F e is the external force and moment acting on the end effector of the arm, J p is the Jacobian matrix of the end effector of the arm relative to the pedestal, and J a is the Jacobian matrix of the end effector relative to the joint.
III. VIBRATION SUPPRESSION CONTROL BASED ON A NEURAL NETWORK
Two types of robot arm dynamic control methods exist. One is based on model-free control, but its transient response is not ideal. The other is based on the control of the dynamic model, whose control performance depends on the accuracy of the model [46] . Because of the complexity and variability of the environment, it is difficult to obtain accurate dynamic VOLUME 7, 2019 models. Additionally, the flexible arm produces large elastic deformation during large movement, and may even cause a large vibration [21] . This vibration can seriously affect the positioning accuracy of the arm [23] , [47] . Therefore, in this paper, the dynamic model is compensated for using the powerful approximation ability of the neural network, thereby reducing the tremor of the end effector and improving positional accuracy.
A. NEURAL NETWORK CONTROL SYSTEM
Many researchers have proposed intelligent control methods [48] , [49] , but control methods based on neural networks combined with dynamic models are still relatively rare, particularly in space manipulators. The neural network algorithm is a distributed parallel information processing algorithm. The basic principle is to use the data collected by the sensor as the input information of the neural network. After parallel processing by the neural network, the angular increment of the current desired motion direction is used as the output. Therefore, motion control planning of the robot is achieved.
The overall control block diagram of the flexible arm consists of four parts. As shown in Fig. 5 , the functions of each part are as follows: Part A is a multi-layered neural network controller that transforms the desired trajectory into the pose and rotational angle of the joint. In the simulation, the learning samples of the neural network are obtained by the previously established dynamic model. The neural network learns to approximate the inverse model of the flexible arm in advance, thereby quickly completing the required computing tasks.
Part B is a complete closed loop controller. The manipulator is controlled based on the dynamic model to achieve the desired trajectory. It is mainly based on the adaptive control of passivity. This is because the tracking error generated by the traditional robust controller is repeated when the arm is reciprocating, but the tracking error generated by the adaptive controller is gradually reduced as the control parameters are updated in time. Additionally, an adaptive controller is used for online parameter estimation.
Part C is a joint angle controller. It controls the angle and speed of the joint through servo control.
Part D is used to monitor the position and speed of the arm in real time. The specific implementation process is that data are transferred to the sensor and the dynamics calculation module, and the feedback amount needed for the final closed loop is obtained.
The neural network is used as a real-time controller. When the inputs are x e andẋ e , the outputs, for example, x m ,ẋ m ,ẍ m , v m , q m , τ m , θ m , are quickly calculated depending on the needs of the controller of Part B.
The mathematical description of the neural network algorithm is as follows:
Step1: Initialization. The appropriate input mode is designed according to the specific application requirements and the characteristics of the original training data, and a combined neural network based on Radial Basis Function -Back Propagation (RBF-BP) [50] is created. The weight vector w i,j and the threshold value Ω j of the combined network are initialized to a random number between 0 and 1. At the same time, set the maximum number of iterations N and the target error E, and set the Sum of Squared Error (SSE) of the network to 0. The following iterative calculation is performed according to the number of iterations t = 1,2, · ··, N .
Step2: An input sample vector and a corresponding expected output vector is taken from the training set. The input sample vector x i is supplied to the RBF subnet in the combined neural network according to the input mode. And set the transfer function of the hidden layer node of the RBF subnet to the following Gaussian kernel function.
where j = 1,2, · ··, N 1 and u (j) represents the output of the jth hidden layer node; w i,j represents the weight vector of the jth node of the input layer to the hidden layer, that is, the center of the Gaussian kernel function of the jth node; σ 2 j is the Gaussian kernel function width of the jth node.
Step3: Set the transfer function of the hidden layer node of the BP subnet in the combined neural network to the following Sigmoid type function.
Then its output is
where k = 1,2, · ··, N 2 , and w 2,k represents the weight vector which connects the jth node of the first hidden layer to the kth node of the second hidden layer, N 2 represents the number of second hidden layer nodes. Step4: Calculate the output value of the mth node of the output layer according to the following formula
where m = 1,2, · ··, N 3 , and w 3,m represents the weight vector which connects the kth hidden layer node of the third layer to the mth node of the output layer, N 3 is the number of output layer nodes.
Step5: Calculate and verify the SSE of the network output layer based on the actual output and the expected output.
where T m represents the expected output vector.
Step6: Calculate the error vector ERR m of each neuron in the output layer.
Step7: Modify each weight vector and threshold vector in the network according to the following formula.
where α is the learning efficiency.
Step8: The iteration ends when one of the following two conditions is satisfied, and the weight vector w m (t) , (m = 1,2, · ··, T ) is output as the result. (1) When the SSE is equal to or less than the target error, the network converges;
(2) when t = T the network does not converge. Otherwise, go back to step 2.
The main contribution of this method is the combination of traditional model-based control method and neural network method. The nonlinearity of the dynamic model is compensated by using the powerful approximation of the neural network. This can reduce the tracking error and greatly improve the calculation efficiency.
B. DYNAMICS CONTROL STRATEGY
The purpose of studying the dynamic control strategy is to accurately offset various uncertainties in the robot's motion, including modeling errors, load changes, and possible computational errors. PID control is generally used in robot control, but this control method does not compensate for nonlinear dynamics, so it is not effective in the control of flexible manipulator.
For clarity of expression, we use the symbol ( •) to represent the calculated or characterized value of (•), and their difference ( •) = ( •) − (•) represents the error or mismatch between the theoretically accurate inverse dynamics control of the system and the actual control. Because the dynamics can be considered as an input transformation, that is, they transform the problem from selecting the torque input to selecting the acceleration input command, the dynamic equation (20) can be rewritten as
To eliminate the influence of nonlinearity on motion control, we choose the control input to be
where a =v =q d − Λq, v =q d − Λq, ξ =q − v =q + Λq and E and ξ are diagonal matrices of constant positive gain.
Rewriting the input u of motion control yields
Combining (34) and (36) yields
where ∆ is a regression function, vectorθ =θ − θ, andθ represents a time-varying estimation of true parameter vector θ. According to the gradient update rule [51] , the following equation is obtained:
where Γ is a constant symmetric positive definite matrix. VOLUME 7, 2019 It can be seen from (37) that the closed-loop system is still a nonlinear coupled system. Therefore, the characteristics of the tracking error gradually converge to zero which is not obvious. To solve this problem, we introduce the positive definite term 1 2θ T Γθ in traditional Lyapunov function V to obtain the following functional form [52] :
CalculatingV along the trajectory of (37), the following equation is obtained: (40) whereθ =θ because parameter vector θ is a constant value.
Substituting (38) into (40) and using the antisymmetric property, the following equation is obtained:
where e =is the tracking error and
Therefore, the equilibrium point e = 0 in the error space is globally asymptotically stable, that is, the closed-loop system satisfies the Lyapunov stability theorem.
SinceV is a quadratic function of the error vector e (t), integrate the two sides of equation (41) (42) where e (t) is a square integrable vector andV is bounded. According to Barbalat's lemma [53] , the tracking errorsq anḋ q are asymptotically converged to zero when t → ∞.
Unlike traditional neural networks, a switching mechanism is introduced in the controller to ensure global stability. In practice, the discontinuity of control can cause chattering [54] , and an additional control ε can be introduced inV to overcome the instability in uncertainty. Then (41) becomeṡ
where P is a symmetric positive definite matrix and P > 0,
For discontinuous control, the additional item ε is defined as follows:
where where ε represents an additional input on the control, and the design of ε is used to ensure the final boundedness of the tracking error e, limit ρ (e, t) is a function of the tracking error and time, and ρ (e, t) ||δ||. 
IV. DISTURBANCE OBSERVER
To suppress the effect of dynamic coupling between joints, a disturbance observer [1] is added to the current control loop. The low-pass filter Q d effectively suppresses the effect of friction and dynamic coupling on joint control performance. The current controller can be designed using the nominal model because the dynamic characteristics of the disturbance observer approximate those of the nominal model of the object. It is assumed that the discrete transfer function of the joint is
where B p z −1 and A p z −1 are numerator and denominator polynomials, respectively. The pulse transfer function of the nominal object model is expressed as
where B n z −1 and A n z −1 are numerator and denominator polynomials, respectively. Fig. 7 shows a block diagram of the discrete-time disturbance observer, where u is the input of the disturbance observer, y is the system output, n is the measurement noise, and d is the disturbance torque. The transfer function from input u to output y is therefore
Similarly, the transfer function from external disturbance d to output y is
A filter is used to reduce the effect of external noise. Low-pass filter Q d z −1 satisfies Q d z −1 B n z −1 = 1 in the low-frequency band and satisfies Q d z −1 B n z −1 = 1 in the high-frequency band.
Because the disturbance observer is designed to solve the inverse model of the nominal object G n z −1 , B n z −1 is decomposed as
where B + n z −1 and B − n z −1 are a cancelable stable zero polynomial and non-cancelable unstable zero polynomial, respectively. It is assumed that the non-cancelable polynomial B + n z −1 has the form
Filter Q d z −1 is then designed to have the form
where Q f z −1 represents a low-pass filter.B − n (z) * is the complex conjugate of B + n z −1 :
Following the conjugate transformation, (52) can be changed to a stable achievable polynomial. Equations (50) and (52) yield
where B − n z −1 B − n (z −1 ) * represents a stable all-pass filter and Q f z −1 has a low-pass characteristic. In the low-frequency band, B n z −1 Q d z −1 = 1 is satisfied, and the effects of model mismatch and disturbance are suppressed. In the high-frequency band, B n z −1 Q d z −1 = 0 is satisfied and the effect of noise is suppressed. In the low-frequency range, the high equivalent gain of the forward channel results in the dynamic characteristics of the disturbance observer approximately having the form
The joint module is considered to be an independent control system and cross-coupling is considered to be an external disturbance torque. The n-rank single-channel system dynamics model is described as
The controller is assumed to have an integral action. Controller K z −1 that can implement any pole configuration is The system characteristic polynomial of order 2n − 1 is
where A c z −1 is the nth-order characteristic polynomial of the controller, whereas A o z −1 is the (n − 1) th-order characteristic polynomial of the observer. The establishment of the disturbance observer greatly reduces the dynamic coupling between the joints of the flexible manipulator, which makes the control precision of the robot higher. At the same time, the combination of the disturbance observer and the neural network control strategy can also greatly reduce the scale of the neural network and overcome the problems of slow convergence of the neural network.
V. EXPERIMENTS
The main purpose of this section is to verify the vibration suppression capability based on neural network control. As shown in Fig. 8 , a water bottle was placed at the end effector of the arm. When the position of the end effector was kept constant, the arm continuously reciprocated to observe the vibration of the water bottle. After the neural network is trained by RBF-BP algorithm for more than 9 × 10 6 times, the average error is less than 0.2% and the neural network has well approximated the dynamics model of the end effector. Fig. 9 shows the joint angle and angular velocity of the flexible arm during motion. Fig. 10 shows the control torque of the nine joints of the arm. Fig. 11 shows the position control error under the distributed PID control and the disturbance observer. Because the peak error of the motion state was concentrated in the startup phase, the partial error shown in Fig. 12 was selected for comparative analysis. Fig. 12 shows the tracking error response curve of the end effector in the x and y directions. It can be seen from the graph that, based on the same flexible multi-body dynamics model, if only adaptive control was used, then the peak error of the robot end effector in the x-direction was 6.4 mm and the peak error in the y-direction was 5.7 mm. When the neural network mechanism and disturbance observer were added to the controller, the peak error in the x-direction was only 3.0 mm, and the error in the y-direction also reduced and was 2.6 mm.
Since the data we collected is on the ground, the original error is inherently large due to the self-weight of the flexible manipulator. However, it does not affect the effectiveness of the proposed method and its contribution to the vibration suppression of flexible manipulator. The experimental results demonstrate that the vibration suppression effect of the controller based on a neural network and disturbance observer is good. Because the neural network algorithm compensates for the dynamics, the disturbance observer reduces the dynamic coupling between the joints; thus, the tremor of the multi-joint arm is greatly reduced.
VI. CONCLUSION
Because the tremor of the flexible space manipulator is relatively common, in this paper, a complete dynamic modeling method and control strategy to mitigate this tremor were proposed. First, a flexible multi-body dynamics model of the space manipulator was established based on the assumed mode method and the Lagrange equation. Then, a controller based on the neural network was designed for the arm, and a switching mechanism was added to the neural network controller to ensure global stability. Additionally, a disturbance observer was added to the current control loop to mitigate the dynamic coupling between the joints. Thus, the integrated controller greatly improved the vibration damping effect of the arm. Finally, vibration suppression verification of the arm was conducted. The controller based on the neural network and a disturbance observer reduced the tracking error of end effector by almost half compared with using only the adaptive control strategy. The experiment proves that the proposed method also has good application value for the vibration suppression of ground robots.
